We present an integrated model of the direct consequences of climate change on land use, and the indirect effects of induced land use change upon the natural environment. The model predicts climatedriven shifts in the profitability of alternative uses of agricultural land. Both the direct impact of climate change and the induced shift in land use patterns will cause secondary effects on the water environment, for which agriculture is the major source of diffuse pollution. We model the impact of changes in such pollution on riverine ecosystems showing that these will be spatially heterogeneous. Moreover, we consider further knock-on effects upon the recreational benefits derived from water environments, which we assess using revealed preference methods. This analysis permits a multi-layered examination of the economic consequences of climate change, assessing the sequence of impacts from climate change through farm gross margins, land use, water quality and recreation, both at the individual and catchment scale.
Introduction
The ecosystem services paradigm (de Groot et al., 2002; Boyd and Banzhaf, 2007; Wallace, 2007; ) underpins a rapidly improving and expanding body of research linking environmental change to human welfare (e.g. Goldstein et al., 2012; Jackson et al., 2013; Lawler et al., 2014; Guerry et al., 2015) . An important and promising avenue of work examines the direct impacts of changes, considering multiple ecosystem services (e.g. Nelson et al., 2009; Rockstr€ om et al., 2009) and at varying spatial scales (van Delden et al., 2011) . However, even when multiple ecosystem services are considered, relatively few studies manage to capture the knock-on effects arising along a chain of interconnected ecosystem processes (Milne et al., 2009; Bennett et al., 2009) . Inherent complexity and myriad interdependencies within the natural world mean that any change, whether driven by environmental processes or human behavior, is likely to have a 'domino' effect, acting upon a long chain of ecosystem services. For instance, considering livestock production in the Central French Alps, Lamarque et al. (2014) show that the direct impact of climate change on plant functional traits (see de Bello et al., 2010) drives a secondary, indirect impact upon agricultural land management, with implications for ecosystem service provision. Focusing on the United Kingdom (UK), go further by examining the direct consequences of climate change on land use and farm incomes, and the subsequent, indirect effects on fresh water quality providing a cost-effectiveness analysis of climate change adaptation strategies. Other studies link predictions of future environmental change with cost-effectiveness analyses of alternative mitigation measures (e.g. Whitehead et al., 2013) , but studies which complete the chain of effects in a cost-benefit framework are rare. This poses challenges for investment and policy decisions, since options that maximize net benefits cannot be robustly identified when the full range of impacts is unknown.
This paper contributes towards filling this research gap by using a spatially explicit, integrated modeling approach to examine a chain of related impacts arising from a simple climate change scenario applied to a selected river catchment and, crucially, valuing these impacts in economic terms. Using the UK's River Aire as a case study, we first examine the direct effect of climate change on agricultural land use, as mediated through changes in farming behavior. Resulting land use change (LUC) has repercussions on freshwater quality, as crop selection and livestock intensities impact nutrient run-off into rivers. Finally, we examine how changes in water quality will impact upon outdoor recreation. The integrated analysis elicits economic values throughout the chain of impacts, reporting recreation values at both the individual and catchment level (where our spatially explicit approach delivers a further contribution by revealing the key role which location plays when aggregating from individual to catchment level benefits). Including these secondary (often non-market) impacts is especially important in environmental management as their value can outweigh that of direct impacts, possibly by a large margin (Bateman et al., 2014) . Furthermore, the spatially explicit nature of our analysis provides decision makers with the information necessary to permit locational targeting of interventions, enhancing the efficiency of policies to mitigate climate change effects or improve distributional equity. This paper is organized as follows. The next section introduces the spatially sensitive agricultural land use model that underpins our initial analysis. Section 3 uses this model to examine the likely impact of a stylized climate change scenario (a uniform temperature increase by 1 C throughout the country) on land use and farm incomes. Section 4 develops a spatially explicit, transferable model for predicting changes in river water quality arising from agricultural LUC within a world of altering climates. These predictions are then refined for use within the UK's River Aire catchment, for which we hold data on recreational demand and associated value. Section 5 develops a revealed preference model, encompassing the changes in the ecological quality of rivers derived previously, to predict the impact of our climate change scenario on recreational values. Section 6 presents the results of our integrated analysis, reporting recreational values at the individual and catchment scales. Section 7 concludes.
Land use modeling
This section briefly introduces the agricultural land use model, the data used for its estimation and provides a summary of the main results. For further details, see the supplementary materials and Fezzi and Bateman (2011) .
Specification
Adapting the agricultural land use model developed by Fezzi and Bateman (2011) and expressing the farmer's objective in terms of profit maximization per unit of land, the optimal land use allocation problem can be written as:
(1) where p L (.) indicates profits per unit (ha) of land, p the vector of strictly positive output prices, w the vector of strictly positive input prices, L the total land available (which is kept constant for all analyses), s the vector of land use shares (with land allocated across h potential land uses), and z the vector of k other fixed factors (e.g. physical and environmental characteristics, policy incentives and constraints, etc.).
Since the profit per unit of land function is positively linearly homogenous and strictly convex in input and output prices, applying Hotelling's lemma yields output supply (y L ) and input demand (r L ) per area (hereafter referred to as input and output intensities) as: 
When these equations are linear in the optimal land allocations (as per Fezzi and Bateman, 2011) , including the constraint that the sum of shares must equal unity leads to a linear system of h equations in h unknowns, which can be solved to obtain the optimal land allocation as a function of p, w, z and L (see Fezzi and Bateman, 2011) .
We specify the empirical profit function per hectare as a Normalized Quadratic (NQ) function. Defining w n as the numeraire good, indicating with x ¼ (p/w n , w/w n ) the vector of normalized input and output (netput) prices and with z * ¼(z, L) the vector of fixed factors including policy and environmental drivers and also the total land available L, the NQ profit function can be written as:
where p L ¼ p=w n is the normalized profit per unit of land. This profit function is linearly homogeneous by construction, and symmetry can be ensured by imposing a ij ¼ a ji , b ij ¼ b ji and g ij ¼ g ji .
Only he1 land use shares appear in the profit function as the residual can be computed by difference and is therefore redundant. Input and output intensities can be derived as in (2), whereas optimal land use shares can be derived by solving the system (3) of he1 equations with the land additivity constraint P h j¼1 s j ¼ 1. The resulting equations are linear functions of output prices, input prices, and fixed factors.
Data and descriptive statistics
In order to model the financial, policy and environmental drivers of LUC, we develop a unique database of land use drivers. Integrating multiple sources of information dating back to the late 1960s we identify six land use types (cereals, oilseed rape, root crops, temporary grassland, permanent grassland and rough grazing) which together cover 88% of UK agricultural land. The remaining 12% is included as a combined 'other' category. Summary information regarding the land use data is provided in the supplementary materials. Further data were extracted for each 2 km Ordnance Survey National Grid square. Data on average annual rainfall, autumn machinery working days, mean potential evapotranspiration, median duration of field capacity, total number of degree days in the growing season and mean elevation were taken from the National Soil Resources Institute LandIS database. We also include the share of agricultural land with slope greater than 6 derived via Geographic Information System (GIS) analysis of the Ordnance Survey Digital Terrain Model (DTM). The model also includes policy determinants, such as the share of each grid square designated as National Park, Nitrate Vulnerable Zone (NVZ) and Environmentally Sensitive Area (ESA). Further spatial control variables such as the distance to the closest sugar beet factory (to capture transportation costs) and the share of urban area are also included. Finally, regional output prices are included, using the agricultural output regional price statistics extracted from the UK Farm Business Survey for years 1982e2000, whereas input prices are available at the national level.
Results
Equation (4) can be estimated via maximum likelihood. Since not all farms cultivate all crops the model is specified as a multivariate Tobit (Tobin, 1958) . Fezzi and Bateman (2011) illustrate a computationally-efficient Quasi Maximum Likelihood (QLM) approach which can be used when the number of Tobit equations is high, as in our case (details provided in supplementary materials). We estimate two censored Tobit systems: the 3 livestock intensity (dairy cattle, beef cattle, sheep) equation system; and the 6 land use shares (cereal, oilseed rape, root crops, temporary grassland, permanent grassland, rough grazing) system. These are the main determinants of the impact of agriculture on the environment. In fact, in a relatively small country such England, there is little variation in fertilizer inputs for a given arable crop, and therefore a single national set of surplus values for such crops is appropriate (Lord et al., 2002) . However, nutrient inputs to grassland can vary substantially depending upon the livestock intensity. Therefore, a more accurate approach is to assume that predicted changes in stocking rates indicate changes in fertilizer applications. Table 1 reports the final parameter estimates of the land use share equations. The sign and magnitude of the coefficients are consistent with our expectations and the model fit is satisfactory. Focusing on the economic determinants, in the upper part of the table, as expected the own output price effects are always positive and the cross-price effects negative. Considering the environmental determinants of land use, reported in the lower part of Table 1 , favorable conditions for crop growth (e.g. more machinery working days, flatter land, etc.) increase the share of arable land, in particular of root crops. However, effects are highly non-linear. The coefficients of the livestock equations are not reported here to preserve space, but the results are in line with those of the land use. Model results are contrasted with the established land use share model (e.g. Wu and Segerson, 1995) in Fezzi et al. (2014a,b) and found to provide superior in and out of sample performance.
From climate change to agricultural land use change
The model estimated in the previous section can be used to predict agricultural land use in England and Wales under a variety of conditions. Clearly numerous scenarios could be considered using such a model but in the present analysis we restrict ourselves to consideration of the effects of a climate change induced increase in temperature and hold other determinants constant (an assumption that could be relaxed to examine related effects such as shifts in precipitation; see . We first construct a baseline scenario keeping all land use determinants fixed at the level of the last year for which we have observations for the entire case study area (2004) . Then we simulate the LUC arising from a simple climate change scenario obtained by holding all land use determinants (prices, policy, urbanization, etc.) constant and increasing average daily temperatures by 1 C (an increase expected to occur in the UK by about 2030; UKCP, 2009). We can translate the predicted changes in land use into variations in farm income. Profit data are not available at the highly disaggregated spatial resolution used throughout our analysis. Instead we use the related and commonly adopted measure of Farm Gross Margin (FGM), defined as the difference between revenues from agricultural activities and associated variable costs. For illustrative purposes predicted changes can be reported in terms of income by simply applying the average FGM for each activity calculated from the 2004 Farm Business Survey (source: Fezzi et al., 2010) to the land use and livestock data in each 2 km 2 grid cell. Results are reported in Table 2 .
Considering arable production, the climate scenario induces a shift away from cereals and root crops towards more heat tolerant crops such as oilseed rape. There is an apparent increase in permanent grassland; however, we have some reservations about the estimated size of this effect, which may have been inflated by a decision to not directly model the 'other' land category, leaving it as a residual from which permanent grassland may have overly drawn (for a detailed discussion, see Fezzi and Bateman, 2011) .
A key advantage of our modeling framework is its high spatial sensitivity. The left hand panel of Fig. 1 illustrates the highly spatially heterogeneous nature of changes to the area of cereals. This area increases substantially in northern parts of the country, where warmer temperatures raise cereal yields. Conversely in the south of the country, cereal area decreases as farms substitute into other activities. As illustrated in the right hand panel of Fig. 1 , and in line with previous research (e.g. Fezzi et al., 2014a; , our results confirm that climate change will generally increase farm incomes. This is in line with expectations given that the increase in temperature is likely to boost yields in the relatively cold and wet UK climate. However, some localized negative effects may be expected, mainly in the East, where higher temperatures limit high-revenue root crops.
From land use change to water quality impact
Agricultural LUC alters the flow and quantity of diffuse pollution into rivers. Evaluating the impact of these changes in terms of water quality (the biological status of rivers) requires an understanding of the ecological response induced by LUC. Prior work relates land use change to spatially sensitive patterns of nutrient leaching, taking account of in-stream mixing processes to estimate the nutrient concentrations which in part determine ecological effect (Fezzi et al., 2008 (Fezzi et al., , 2010 Hutchins et al., 2009 Hutchins et al., , 2010b . Here we directly model the relationship between land use and its ecological impact on the water environment through the commonly adopted measure of chlorophyll-a concentrations. This allows us to assess the overall impact of particular changes in land use rather than relying purely on nutrient models.
We use panel data observations, provided by the Centre for Ecology and Hydrology (CEH) (Davies and Neal, 2007) , on the concentration of chlorophyll-a at individual monitoring points in rivers across England and Wales. The incidence of chlorophyll-a, as represented by summer mean concentration, is a measure of the rate of algal production in a water body, and is a commonly used indicator of water quality in both natural and social science research because it can both identify the risk of eutrophication of aquatic ecosystems and is directly perceived by the general public as a measure of water quality (e.g. Cullen, 1982; Boyer et al., 2009) .
As potential predictors of chlorophyll-a concentration we consider variables detailing catchment area and land use allocations, climatic and hydrological variables. Land use affects many of the physical and chemical properties of rivers, such as the quantity of suspended sediment, levels of dissolved oxygen and concentrations of nutrients such as nitrate and phosphate. Therefore, we expect land use variables to be very important in determining chlorophyll-a concentration and overall river ecological quality. Climatic variables considered here include temperature, solar radiation and average annual rainfall levels. Lower temperatures are expected to be associated with lower concentrations of chlorophyll-a as lower thermal energy inhibits algal production. Solar radiation levels are also an important contributing factor reflecting the intensity of light, which is required for algal production. Hydrological variables include suspended sediment, representing the presence of particulate matter in the water, and the base flow index, which indicates the speed and the volume of river flow. A higher base flow index typically suggests a lower residence time in the river channel environment and is generally associated with lower observed concentrations of chlorophyll-a, as faster flow rates inhibit algal production and dilute nutrients.
Land use and chlorophyll modeling was undertaken for river basins contributing runoff and leached nutrients at 83 Environment Agency monitoring points along river networks throughout England and Wales during 2006, thus enabling modeled data to be evaluated against observed chlorophyll concentrations. This data also includes river characteristics such as water temperature, base flow index etc. The spatial extent of each contributing river basin was derived using a digital elevation map from the Ordnance Survey Land-Form PANORAMA DTM (www.edina.ac.uk). Using data from the June Agricultural Census (www.edina.ac.uk) and MAGIC Agricultural Land Classification (www.magic.gov.uk) we derived a set of land use variables representing livestock head counts and total areas of land under various agricultural and non-agricultural uses at the basin level.
The river water quality model
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where i denotes the monitoring point and t indicates whether the observation relates to summer or winter; s i,t is a vector of shares of different land uses, d i,t is the number of dairy and beef cattle per square mile in the basin, temp i,t is the average atmospheric temperature, BFI i,t is the base flow index, AARainfall i,t is the annual average rainfall, SSediment i,t indicates the quantity of suspended sediments, d i is a residual error term specific to the monitoring point i (random effect) and e i,t is a residual term. Both d i and e i,t are assumed to be normally distributed.
The parameters a, b 1 , b 2 , b 3 , b 4 ,b 5 and b 6 are estimated via (2). Column (3) reports total areas and livestock numbers after the 1 C temperature change, as predicted by our land use model. Column (4) reports percentage changes. Generalized Least Squares (GLS) random effects model (see Greene, 2003) with heteroscedasticity consistent standard errors obtained using the White (1980) correction. Results are reported in Table 3 . After testing for parameter equivalence, urban and non-agricultural land shares were combined into a single category, while root crops were separated from arable land as they have a disproportionate impact on water quality due to the high levels of nutrient fertilizers used in their production. The share of rough grazing provides the baseline for comparison. The total area of the catchment was tested but consistently found to be an insignificant explanatory variable and was dropped from the model. The intensity of dairy cattle was included separately in the model as dairy farms make more intensive use of land and have higher nutrient inputs than other livestock farms whose effect on water quality is primarily captured by the grassland variables. The effect of stocking densities for other livestock, such as sheep, were examined and found to be insignificant; a finding which is echoed in studies examining other water quality measures (Crowther et al., 2011) . The land use share results in Table 3 are as expected. Relative to the rough grazing baseline, the share of root crops has the largest positive association with chlorophyll-a concentration while the share of temporary grassland has the largest negative association reflecting the fact that it is the land use which is most typically used for dairy cattle. Once we account for the intensity of dairy cattle the overall impact on chlorophyll-a concentration becomes even higher than that of rough grazing. Effects of the shares of nonagricultural and arable land are not statistically significant, although the signs are consistent with our expectations that a greater share of arable land is associated with a rise in chlorophyll-a concentrations.
The climate variables temperature and precipitation are both significant. The positive coefficient on temperature is consistent with the expectation that higher temperatures stimulate algal production, raising the concentration of chlorophyll-a. As temperature enters the equation in log form, its coefficient represents an elasticity. As its values is greater than one this indicates that chlorophyll concentration is elastic with respect to temperature. The negative coefficients on rainfall and the hydrological variable base flow index (the latter being just insignificant) are consistent with the expectation that a faster flowing river, in which nutrients are flushed through more quickly, leaves less time for algal growth. Conversely a positive, significant but inelastic, relationship is observed with respect to the level of suspended sediment in the river as this assists the transport of nutrients from field to waterway (Ebbert et al., 2005) .
Predicting the ecological impact of climate change: a case study
As noted, the land use and ecological quality models draw upon datasets covering large areas and are both characterized by a high level of spatial accuracy. Derived models therefore encompass a wide degree of data variability and should be generally transferable following standard out-of-sample validation tests (the methodology for which is described, for instance, in Bateman et al., 2002 Bateman et al., , 2003 . As the model predictor variables are typically held for the entire coverage of the country, both land use and ecological quality estimates can be obtained for any decision-relevant area. For illustration, we consider an area for which we also hold revealed preference data for the recreational value of the freshwater environment; namely the catchment of the River Aire in Yorkshire, shown in Fig. 2 . This river basin covers 86,000 ha and encompasses highly heterogeneous land uses, water qualities and socioeconomic characteristics. The western half of the catchment is sparsely populated, with the upland areas being dominated by rough grazing and pastoral agriculture. The remainder of the catchment includes mixed and arable farming, and some high density urban areas, including the large conurbations of Bradford and Leeds. While these urban areas are obviously unavailable for agriculture, their location is both a major determinant of river ecology and of the recreational values generated by any change in water quality.
Data for the land use model are available at 2 km grid resolution covering the entirety of England and Wales. In contrast data for the water quality ecological impact model are only available for an irregular network of river monitoring points administered by the UK Environment Agency (EA). The EA maintain three water quality monitoring points on the River Aire. These are used as points to transfer our ecological impact model to estimate likely changes in chlorophyll-a concentration, and hence water quality, arising from a 1 C rise in temperature. These monitoring points allow for analysis at the catchment and sub-catchment scale, and their locations (one upstream of the urban areas, one in central Leeds and one at the catchment outlet; indicated as points A, B and C, illustrated in Fig. 3 ) permit differentiation between the agricultural and urban impacts. The monitoring points are sited according to the physical characteristics of the catchment, taking account of hydrological response units (HRUs) corresponding to areas of land that drain into discrete river stretches . Aggregations of these HRUs can be thought as sub-catchments, with monitoring stations located at their outlets.
While climate change is expected to increase the market value of agricultural production it also generates non-market costs. The induced LUC is associated with increased nutrient application, higher river pollution and lower ecological quality. This in turn generates a potentially major non-market externality in terms of impacts upon the recreational value of rivers (Freeman et al., 2014) . To estimate this value within our revealed preference analysis we need to understand the link between the ecological quality of rivers and the recreational behavior and associated values of visitors. Here we have to allow that there may well not be a simple linear relation between chlorophyll-a concentrations and the water quality perceived by recreational visitors (Hunter et al., 2012) . To bridge this objective-subjective gap we use a tried and tested 'water quality ladder' (WQL), as developed by Hime et al. (2009) ) . This scale has been shown to significantly determine individuals' preferences and "*" ¼ t-stat > 2, "**" ¼ t-stat > 3, "***" ¼ t-stat > 4, "****" ¼ t-stat > 10.
willingness to pay for river quality in separate stated preference studies of the Aire and various European rivers . Table 4 provides ecological quality descriptions for the WQL and a summary of related recreational activities. We applied our ecological quality model (Table 3) to predict water quality under the present and future climate scenario. Information on likely changes to predictor variables under our stylized climate scenario was gathered through personal communications with staff at CEH, Wallingford. This suggested that a 1 C rise in air temperature may cause a greater than proportional increase in water temperature. Note that we assume rainfall to remain fixed at the annual average level and, therefore, the base flow index remains unaltered. Finally, the levels of suspended sediment are assumed to increase by 10%. Table 5 details predicted water quality under the present and future climate scenario. Comparison of chlorophyll-a measures shows that at all three monitoring points we project a decline in future ecological quality arising from both the direct effect of water temperature increases and higher levels of nutrient loading arising from the climate-induced shift in land use. In relative terms this decline is greatest at the upper levels of water quality, where we see a downward shift from pristine to good quality on the WQL scale. In absolute terms, the increase in chlorophyll-a is greatest at lower levels of water quality. However, these are less marked in relative terms and do not breech the boundaries of respective WQL classes.
Recreation value impacts
The output of our ecological quality analysis forms an input to our assessment of the responsiveness of recreational values to the impacts induced by climate change. The key issue here is how the water quality changes predicted in Table 5 will affect visitation at sites which are available for recreational access.
Sample survey and GIS data generation
A large sample survey of households was undertaken to estimate the recreational impact of changes in ecological quality. To capture the distance decay of values away from an improvement site (Bateman et al., 2006) , a survey area was defined spanning a 70 km diameter centered on the River Aire, thereby embracing its catchment and surrounding areas. This helped to capture likely substitution effects generated by competing resources such as alternative rivers sites and other outdoor recreational opportunities.
The survey was explicitly designed to capture large quantities of spatially explicit data from respondents through a highly accessible custom built computer aided personal interview (CAPI) system. During the interview, respondents were shown an interactive map on a computer screen indicating the respondent's home location and all of the surrounding rivers within an area the same size as the full survey area. Respondents indicated on the map the river locations they visit for recreation and the frequency of their visits to each site. We also collected information regarding the total number of all outdoor trips taken in the last 12 months, within this the total number of visits to water bodies and detailed information about the river sites.
Once the interviews were completed, a GIS was used to match site visit locations to real world recreational sites using the fourstep process described in the supplementary materials. In total, 531 recreational sites were identified along the studied rivers, which span approximately 230 km in length. The home location of each respondent was identified by linking Ordnance Survey Address Point data to the detailed geographical location information given by the full postcode provided by the respondent. Distance by road (as opposed to straight line) and travel time by car (adjusting for road quality, urban congestion, etc. using the methodology detailed by Bateman et al., 1996) , from each respondent's home to each recreational site, including those not visited by the respondent, were calculated. This allowed us to examine the influence of the availability of substitute sites on the location and number of visits. Information on the environmental characteristics of the recreational sites was identified in the GIS using Ordnance Survey MasterMap and CEH Land Cover Map datasets. These provided details of the predominant land use around each of the recreational sites (e.g. urban). The current water quality at each of the river recreational sites was calculated from Environment Agency long-term water quality monitoring data and categorized into the four-point scale given in Hime et al. (2009) , as illustrated in Fig. 4 . After removing 2% of respondents due to missing address information or other item non-response from the survey sample, 1782 face-to-face at-home household interviews remained for analysis. Sample characteristics closely matched census data for the study catchment, with 44% of respondents being male, an average household size of 2.6 and average net income of £21,317 per annum (s.d. £11,700). In terms of occupation, 26% of respondents were in full time employment, 13% part-time employed, 33% retired and 7% self-employed with the remaining 21% not in employment.
The purpose of economic analyses of recreation choices is to reveal trade-offs between money and the availability and quality of natural resources. The random utility model (RUM) provides a standard approach for analyzing recreational behavior (Freeman et al., 2014) . In the simplest multi-site model the only relevant information required is the site choice made by respondents. However, a change in natural resource quality will affect not only the choice of sites but also the frequency of visits. To address this issue we implement a simplified version of the Morey et al. (1993) approach, as described below. Although there are numerous discrete formulations for modeling site choice, we use a specification which is widely adopted in the literature: the Conditional Logit Model (CLM) with alternative specific constant, based on McFadden (1974) .
We specify the utility associated with visiting a recreation site as a function of access costs, water quality levels and other site characteristics. Following Hynes et al. (2009) we derive the travel cost as out-of-pocket expenditure (at a rate of £0.25 per km travelled round trip) plus the opportunity costs of time calculated as a percentage of the respondent's wage (Fezzi et al., 2014b suggests using 3/4 of the average wage rate).
Given the relatively short distance of the recreation sites from the respondents' houses, we assume that every day in a year might, in theory, provide a visit occasion (T ¼ 365). Within our sample, we observe the frequencies of visits to the 531 river access points, to other rivers in the sampling area, canals, lakes and other outdoor activities. Finally, we observe the number of times each individual decided not to take outdoor trips, giving that option the index j ¼ 0 (opt-out option). In this framework the individual i makes daily choices across the J options available (where j ¼ 0,1, 2,…, 535 within which j ¼ 532,…, 535 represent visits to other rivers, canals, lakes and other outdoor trips). The individual chooses the option with the highest utility on each occasion. We define this utility U ijt that respondent i in period t receives from a visit at site j as the random function:
where F j includes site characteristics that are constant across choice occasions and respondents, G ij includes respondents' characteristics that change across sites, q is the parameter vector to be estimated, and ε ijt is a random component that is unobservable to the analyst. This model posits that, given J recreation site options and the possibility of an opt-out, each respondent will choose either to recreate at the site that provides the highest random utility U ijt (or not to recreate if this yields higher utility). Specifying a linear in parameters utility function, Equation (6) can be rewritten for each choice occasion as:
for each site within the sampling area (6.1) U ij>531 or j¼0 ¼ a j þ ε ij ; for the other recreation options and the opt À out (6.2) where q ¼(a, b, h). In this structure the utility of visiting sites other than the river stretches in our study area is captured by the alternative specific constant variables (a j ) and, for identification, the utility of not recreating is fixed to zero. Note, this latter choice also captures the utility of leisure and recreation opportunities other than those provided by outdoor trips. Morey et al. (1993) formulate their repeated recreational choice model assuming that the error term is distributed as a Generalized Extreme Value random term. However, as demonstrated in Scarpa et al. (2005) a similar approach is obtained using an Extreme Value type I error term with alternative specific constants:
The model presents a globally concave likelihood function. Table 6 reports the description of variables and the parameter estimates, obtained via Maximum Likelihood. Note that the two lowest water quality levels (from Table 4 ) are merged into the category 'poor' while the 'pristine' level is set as the baseline. All variables in Table 6 are highly statistically significant and accord with prior expectations. The "travel cost" variable is significant and negatively signed as expected. The water quality variables are also significant and have expected negative signs indicating utility reductions from the baseline 'pristine' water quality. The positive sign on the "urban" parameter indicates that utility increases if the river site is in an urban area, suggesting that increasing the opportunity to utilize natural resources in highly populated areas might have a greater impact on welfare than in rural areas, possibly because of the lack of similar alternatives in everyday opportunities within cities. However, it is also possible that the positive sign on the urban parameter can be explained by correlations with other facilities available at river sites (e.g. car parks) and opportunities for complementing river recreation experiences with other types of outdoor recreation (e.g. taking children to playgrounds). All alternative Table 5 Predicted reductions in water quality as a consequence of climate change. specific constants present a negative sign, demonstrating the common sense finding that, over the year, respondents typically choose to spend their time on activities other than outdoor recreation.
Subcatchment
Taking the estimated parameters from Table 6 and following, for example, Small and Rosen (1981) or Hanemann (1999) , it is possible to derive the welfare impact of changes in water quality across a range of alternative scenarios.
Integrated results
Using a highly spatially explicit GIS framework, we have introduced models to track the connections between climate change and induced changes in agricultural land use, river water quality and recreation demand. The current section presents an analysis at both the individual and catchment-wide scales for a simple climate change scenario of 1 C warming. Here we illustrate how agricultural incomes and water quality are impacted and also how these changes in turn affect the value of river-based recreational activities within the case-study area.
Estimating individual level values for changes in the ecological quality of rivers
The analyses developed above allow us to track how the direct effect of a 1 C temperature rise, combined with the indirect impact of induced LUC and consequent alterations in diffuse pollution, would result in a decrease in water quality throughout the case study area. The same analysis suggests that this will in turn reduce the number of good quality water recreation sites.
To estimate the consequences of the climate change scenario we apply the changes in water quality predicted from our ecological model (Table 3) to the parameter estimates given in our travel cost model (Table 6) . Results indicate that the average disutility generated by the expected loss in recreational quality, expressed as compensation required per year (i.e. negative WTP; see discussions in Horowitz and McConnell, 2002; Bateman et al., 2009 ) is equal to £10.44 per person per annum in the case-study area. For decision purposes we then aggregate these individual estimates up to assess losses for the entire study area.
The Supplementary Materials to this paper assess the value of policy action to both mitigate these losses and attain pristine ecological and chemical status through full implementation of the EU Water Framework Directive (WFD) (European Commission, 2000).
Estimating aggregate level values for changes in the ecological quality of rivers
In order to aggregate our recreation values we require distance calculations from all possible recreation sites to all households (not just those sampled in our survey) within the study area. We also require socioeconomic characteristics for all households to allow for variations in wage rate within the travel cost calculation. Our GIS-based methodology allows us to perform these calculations with minimal simplification, working, in this instance, with UK Census Super Output Areas (SOAs).
The spatial distribution of changes in recreation values under the climate change scenario is illustrated in Fig. 5 . Here the left hand panel presents the distribution of changes in per person values while the SOA aggregated values are given in the right hand panel. The site colors illustrate the estimated quality in the baseline situation. The climate change scenario induces a reduction in water quality along the length of the River Aire although impacts are most marked in the western area of the catchment, where quality declines from Pristine (sites shown as blue in Fig. 5 ) to Good quality. Aggregating across the entire case study area yields an estimate of the total loss in recreation value induced by climate change of approximately £26 million p.a. These losses, as one might expect, are concentrated in the western area of the catchment. Although population is relatively low here, this is the principal location where declines in water quality occur. The eastern area of the catchment does not suffer such an appreciable decline and, therefore, its aggregate values are relatively low. Fig. 5 suggests that climate change effects present spatially heterogeneous welfare impacts which should not be ignored if we wish to ensure efficient allocation of resources to mitigate impacts. However, policies, such as the WFD, tend to ignore the spatial distribution of benefits such that funds are spent in an untargeted and inefficient manner resulting in resources generating highly variable net benefits.
Conclusions
We present a unified series of models examining the direct, secondary and further effects of a given driver acting upon natural capital resources. The specific case study concerns the impact of climate change upon agricultural profitability, inducing shifts in land use and consequent impacts upon diffuse pollution, water and ecological quality and the recreational value of affected waterways. We model each of these relationships and calculate the resultant impact upon non-market recreational values. In so doing we demonstrate the use of spatial analytic techniques for incorporating biophysical data within environmental economic analyses.
In line with previous research (e.g. , results show that climate change is likely to Alternative specific constant (ASC) river sites within the sampled area À7.43 (0.226) **** COthRiv ASC for other river sites À4.41 (0.129) **** CCanal ASC for canals À3.81 (0.079) **** Clake ASC for lakes À4.13 (0.093) **** COthRe ASC for other outdoor recreational sites À2.80 (0.071) **** LL À488,258
Note: "**" ¼ t-stat > 3, "***" ¼ t-stat > 4, "****" ¼ t-stat > 10. Table 4 . (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) generate spatially variable impacts upon both land use and resulting farm incomes. In some areas, it will generate income gains while other areas will experience losses. This pattern directly reflects the diverse and heterogeneous nature of UK agriculture. While acknowledging that the direct market impacts of climate change on UK agriculture may generally be positive, a central contribution of this research has been to demonstrate that focusing solely on these direct impacts paints a highly incomplete picture of the net impact of climate change. In our case study of the UK's River Aire, climate change both directly and via induced agricultural LUC yields a general decline in ecological quality which in turn reduces recreational values substantially. The complexity of human-environment relationships means that examining only direct impacts may well be insufficient in order to guide efficient policy making. Research needs to extend analyses to embrace all major consequences of change. Depending upon the case study in question, this may require substantial integration of data, modeling and analytical techniques as well as a willingness to combine natural science, social science and economic perspective. No single discipline is sufficient to tackle the challenge of integrated environmental-economic decision making.
The modular nature of our methodology means that it can be readily extended. The agricultural, hydrological and recreation models presented here can easily be updated as improved versions become available. Moreover, the approach is highly suitable for extension to incorporate additional elements describing impacts on, say, greenhouse gases and biodiversity, or natural hazard and flood risk while expansion to cover alternative or wider geographic areas is straightforward (Bateman et al., 2013) . An interesting and timely extension would be to consider how recent policy changes (e.g. WFD or Common Agricultural Policy) interact with climate change to drive on-farm decision making and the subsequent impacts. While complex, we believe that such methodologies are vital to addressing the complexities of the real world and bring them within the remit of economic analysis.
Finally, some caution is needed in interpreting our results. We used a simplified climate scenario for illustrative purposes. Future research should incorporate more sophisticated climate models and also account for seasonal variation. Moreover, timescale is an important element of the relationship between land use change and water quality. Given the interactions with groundwater reservoirs, there is some lag between land use change and impacts on water quality (Hutchins et al., 2010a; Stalnacke et al., 2004) and, therefore, the direct effect of climate on water environments may arise considerably later or last longer. Another important area for further development is considering measures of uncertainty. Our approach, being a fully statistical and econometric approach, can be used to produce confidence intervals for all the estimates and explore how uncertainty propagates throughout the models via Monte Carlo simulation. While this issue has not been explored in the present analysis, it is certainly a promising avenue for further research.
